High-amplitude swell noise is a common sort of noise in marine seismic surveys. It can obscure the lower amplitude signals of interest and result in erroneous imaging and consequently wrong interpretations of the data. Therefore, it is of great importance to attenuate them in the early processing steps. In this paper we propose a new alternating minimization technique for swell noise attenuation which is based on non-negative matrix factorization of the power spectrum of the time-frequency representation of the signal and noise components of the data. The key element of our method is that the noise has sufficiently different time-frequency characteristics with respect to the signals of interest. The noise component is trained by a data-driven dictionary learning step. We have successfully applied this technique to a shot gather largely contaminated by swell noise. The swell noise is reduced significantly with very little impacts on the useful signals. We suggest that this method can be applied to ground roll attenuation as well.
INTRODUCTION
High-amplitude noise attenuation is one of the most time consuming and challenging tasks in seismic data processing which directly affects the reliability of the interpretations of the final subsurface images. These noises are characteristically divided into two categories: coherent high-amplitude noises, such as ground roll, seismic interferences, etc., and incoherent highamplitude noises, such as swell noise.
The principal idea behind almost all signal-to-noise ratio (SNR) enhancement methods is to transfer the data to a domain where the signal and the noise components are separable. Having removed the presumed noise, the data component is transformed back to normal physical t − x space. Therefore, the main challenge is to find such a domain where the signal and the noise are well separated.
The most common methods for attenuating coherent high amplitude noise are Radon-based transforms in the τ − p domain, wavelet transforms (Deighan and Watts, 1997) , and singular spectrum analysis (SSA) (Nagarajappa, 2012; Chiu, 2013) . The conventional methods for incoherent noise suppression are based on either prediction error filters in the f − x (Canales, 1984) and t −x (Abma and Claerbout, 1995) domains or reduced rank filtering, such as SSA (Chen and Sacchi, 2015; Sacchi, 2009; Oropeza and Sacchi, 2011) and eigenimage filtering (Ulrych et al., 1988) . Time-frequency filtering has also been used as an important and versatile approach for seismic data de-noising, for either coherent or incoherent noise (Elboth et al., 2010) .
In this paper we propose the application of non-negative matrix factorization (NNMF) with sparse coding for de-noising (Cichocki et al., 2009; Hoyer, 2002) . The basic idea is that we can obtain a meaningful part-based factor decomposition (Lee and Seung, 1999 ) from a single-channel time series imposing only the constraints of non-negativity and sparseness of the data. A nonnegative representation suitable for NNMF scheme can be provided by transforming the data into the power spectral domain.
Our approach is a modified version of the workflow developed by Cabras et al. (2010) for processing audio records. Their approach was later used as a tool for single-channel source separation of seismic signals in a volcanic environment to separate a high convective, relatively transient, seismic source of interest from a low convective, relatively continuous, noise (Cabras et al., 2012) , and also to remove relatively transient wind noise from a relatively continuous volcanic tremor signal (Cabras et al., 2014) . A similar approach was followed by Mehmood et al. (2012) in a seismic footstep detection-based system to separate the human footstep signatures from the horse footstep spectral signatures.
In the marine environments, swell noise is an incoherent type of noise that is characterized by low frequencies (2 -10 Hz) and high amplitudes that can mask signals of interest (Elboth, 2009) . It usually affects a number of neighboring traces, and can be observed in seismic data as vertical stripes. It has an adverse effect on seismic data quality and may even lead to temporary suspension of acquisition. We have applied our technique to a seismic shot gather from a marine seismic survey that suffers from significant swell noise (Figure 1a ). The result shows significant reduction of the swell noise.
THEORY
In this section we will explain an alternating minimization technique for separation of the swell noise from the seismic records. The method uses non-negative matrix factorization of the power spectrum of the time-frequency representation of the signal and noise components of the data. A data-driven dictionary learning step is also introduced in the context of semi-blind signal and noise separation optimization. Below we explain the technique step by step.
Seismic time series can be written as
where x is the recorded time series, s is the desired signal and n is noise. In this abstract, we only consider swell noise for marine streamer data. Separation of the noise from the signal for single-channel data is an underdetermined problem and is difficult to solve. However, one can take advantage of the redundant based transformation tools like short-time Fourier transform (STFT) to separate the desired signal from noise. As we mentioned earlier, swell noise has low frequency characteristics and its high amplitude contribution can be seen mainly between 2 − 10 Hz in the STFT domain. Unfortunately, the desired signal and noise are sharing common image space in the STFT domain and the noise part cannot be removed via lowcut filters without removing a significant part of the desired signal. As an alternative, we propose an optimization method that can recover the signal and noise with the smallest possible a priori knowledge. If we assume that the noise and signal are not correlated, then equation 1 can be represented in STFT domain as
where X(t, f ), S(t, f ), and N(t, f ) are STFT representation of x, s, and n, respectively. Hereafter, for simplicity, we drop the time and frequency dependency of the signal in the STFT domain. We can then calculate the β -power spectra of the signal as
The non-negativity of the power spectra can be used as a great source of knowledge for the noise and signal separation. Noise attenuation can be posed as factorizing the signal into two nonnegative parts. Non-negative matrix factorization is a powerful technique for such a problem.
Non-negative matrix factorization can be expressed as factorizing a non-negative m × n matrix X ∈ R + into two positivevalued rank k ≤ min(m, n) matrices: D which is a m × k matrix, called dictionary or basis function, and H that is a k × n matrix, called sparse code or coefficients. In other words,
where E is the approximation error to be minimized. Following the same rules equation 3 can be written as
where N = D n H n and S = D s H s . By solving equation 5 we can design a Wiener filter that can remove one component or the other from the original power spectrum representation of the recorded data. However, the number of unknowns is bigger than the number of knowns and the problem is ill-posed and hard to solve. To tackle this problem, we will introduce a dictionary learning step that can find the support regions and the degree of importance of the signal and noise factors in the power spectrum domain. Hence, we propose to modify equation 5 to
where W n ∈ R + is some weighting dictionary for the noise component which has values between 0 and 1, stands for element-wise multiplication, 1 is a matrix of ones with a proper size, and N = D n H n and S = D s H s . Unlike previous contributions, we are not going to use strict zeros-and ones-based masking matrices for the weighting function. In this way, we can guarantee preserving the signal in the noisy regions and vice versa. Moreover, it is worth mentioning that because of the positivity of the weighting functions the non-negativity of the components will remain untouched and we can still benefit from non-negative matrix factorization. Later, we will discuss in more details how one can build such a dictionary that can define the support regions and the degree of importance of the power spectrum coefficients in reconstructing the noise component. Equation 6 has five types of unknowns. To solve the problem we propose to minimize
where λ = λ n λ s , |H| 1 = |H n | 1 |H s | 1 T and T is transpose operator. Equation 7 will be solved by an alternating minimization technique. We will solve one set of unknowns by fixing the others and then alternate between the solutions until convergence. Our method works trace by trace on the β -power spectrum of the recorded signals. However, the initial dictionary is built based on the averaged version of the power spectrum of several noisy traces in the gather. In other words, we select the traces with very low SNR in the gather. Next, we transform them into the STFT domain. Finally, we average the β -power spectra. Note, we need to have weightings with values between zero and one, hence, we divide the weighting matrix by its maximum value. Initial estimate of the N is chosen to be the original β -power spectrum of the recorded signal and S is initialized by a random matrix with independent, identically distributed samples drawn from a Gaussian distribution. Algorithm 1 shows the main steps of our optimization procedure.
After calculatingX n = D n H n andX s = D s H s one can build a Wiener filter to recover the desired signal aŝ
and the noise component bŷ
where IST FT stands for inverse short-time Fourier transform.
Algorithm 1 Alternating minimization algorithm
endfor 11: REAL DATA EXAMPLE Figure 1a shows a shot gather from a marine seismic survey that is largely contaminated by swell noise. Elboth et al. (2010) and Bekara and van der Baan (2010) have previously used an identical shot gather for their de-noising studies. The brackets in this figure denote the traces that have been used for training the weighting dictionary of the noise (W n in equation 6). A heuristic value of β = 3 was selected as it provides good NNMF data decomposition in terms of SNR, and also it seems to produce the best separation results for the current dataset. Figure 1b shows the resulting section of our proposed de-noising technique after 3 outer iterations for weighting (Algorithm 1) and Figure 1c depicts the difference section between the original and the de-noised sections. The amount of swell noise is greatly attenuated while the signals of interest, including reflection and refraction arrivals, have been well preserved.
To better demonstrate the effectiveness of our suggested method we have plotted in Figure 2 the data associated with the windows highlighted in Figure 1 . Figure 2 shows that the reflection arrivals of interest that were once obscured by highamplitude swell noise in the original section can now be easily traced in the section obtained after noise attenuation. Figure 3 shows the corresponding β −power STFT representation of the entire sample trace pointed in Figure 2 by the black arrows (trace number 245). The dominating swell noise at the frequencies below 12 Hz have been greatly attenuated via our de-noising approach, leading to a clean β −power STFT representation which is most representative of the signal of interest (Figure 3b ).
CONCLUSIONS
We have proposed a new alternating minimization technique for separation of swell noise from seismic records. It is based on non-negative matrix factorization of the power spectrum of the time-frequency representation of the signal and noise components of the data. The procedure is data-driven and thus adaptive. We have applied this method to a shot gather from a marine seismic survey that is significantly contaminated by swell noise. The results show that this technique has been successful in effectively removing the swell noise with very limited influence on the signal of interest. According to the theory, this technique is potentially applicable to any sort of noise provided that it has sufficiently different time-frequency characteristics with respect to the signals of interest and that it can be trained by a part of the data that is mainly representative of the noise. With this in mind, we suggest that this technique can be used for ground roll attenuation as well.
